Simulated and swine industry data sets were utilized to assess the impact of removing older data on the predictive ability of selection candidate estimated breeding values (EBV) when using single-step genomic best linear unbiased prediction (ssGBLUP). Simulated data included thirty replicates designed to mimic the structure of swine data sets. For the simulated data, varying amounts of data were truncated based on the number of ancestral generations back from the selection candidates. The swine data sets consisted of phenotypic and genotypic records for three traits across two breeds on animals born from 2003 to 2017.
normally distributed with a constant variance, genomic selection as outlined previously is equivalent to replacing the pedigree-based relationship matrix (A) with a genomicbased relationship matrix (G) in the best linear unbiased prediction (BLUP) equations (Hayes, Bowman, Chamberlain, Verbyla, & Goddard, 2009 ). Furthermore, a method that augments pedigree relationships across all individuals based on contributions from animals with genomic information was developed and is referred to as single-step genomic BLUP (ssGBLUP; Aguilar et al., 2010; Christensen & Lund, 2010) . As a result, phenotype, genotype and pedigree information on all animals are utilized simultaneously (i.e., no training and validation population) in the BLUP equations.
The pace at which genotypes accumulate within a species continues to increase across the majority of livestock species. For example, the number of genotyped Holstein animals in the United States exceeds 1.5 million (https://queries.uscdcb.com/Genotype/counts.html). As outlined in Misztal, Legarra, and Aguilar (2014) , as the number of genotyped animals gets large (i.e., greater than 100,000), computational issues arise, and therefore, alternative representations of G have been proposed . By instinct, as generational information accrues in a breeding population, selection candidates become more distantly related to the majority of the historic population, thus eroding the benefit of data (i.e., phenotype, pedigree and genotype information) from historic animals relative to predicting the genetic merit of the most recent generation of selection candidates. Furthermore, trait definitions as a result of improved phenotype collection technology, change in the genetic architecture and/or models may change across time. These changes coupled with potential parentage errors create a situation where information on older animals potentially negatively impacts the accuracy of selection candidates. Therefore, the objective of this study was to assess the impact of removing older data in the form of phenotype, genotype and pedigree information utilizing simulation and empirical swine data sets.
| MATERIALS AND METHODS
No animal care approval was required because all records came from simulated data or an existing industry database.
| Simulated data
To investigate the long-term impacts of continually removing data across generations on the genetic gain and the associated computational reductions, a simulation was conducted using the Geno-Diver software (Howard, Tiezzi, Pryce, & Maltecca, 2017; V2) . The simulation was generated to closely resemble the population structure of a swine nucleus population. The genome was assumed to consist of five chromosomes that were each 136 Mb long. The value of 136 was chosen based on the mean length of a swine autosomal chromosome. The simulation was initialized by calling the coalescence-based simulation program MaCS (Chen, Marjoram, & Wall, 2009 ) within Geno-Diver to generate SNP sequence data for 1,800 base haplotypes for each chromosome (Chen et al., 2009 ). To generate moderate short-range linkage disequilibrium that is similar to livestock species, the "Ne100_Scen1" option within Geno-Diver was utilized to generate sequence data for the founder population. The "Ne100_Scen1" option sets the effective population size in the founder population to 100. Once the base haplotypes were generated, 200 randomly placed quantitative trait loci (QTL) were generated within each chromosome, which resulted in a total of 1,000 QTL across all chromosomes. A marker panel consisting of 15,000 (i.e., 3,000 markers per chromosome) neutral markers was constructed. The number of markers per chromosome was chosen to resemble a medium density marker panel (i.e., Illumina PorcineSNP60K BeadChip; Illumina Inc.). In order for a QTL or marker to be chosen from the full set of base haplotypes, the minor allele frequency (MAF) had to be greater than 0.01 and 0.05, respectively.
The additive effects (a) for a QTL were generated using a gamma distribution (shape = 0.4), with an equal chance of being positive or negative. The phenotype for an individual (y i ) was generated as:
where l is the general mean, nQTL is the number of QTL, c iq is the genotype (i.e., 0 for the homozygote; 1 for the heterozygote; 2 for the alternative homozygote) for individual i at QTL q, a q is the additive effect for QTL q, and e is a random residual (e~N (0, r 2 e )) for individual i. The additive effects were scaled to generate a trait with a heritability of 0.10. The phenotypic variance was set at 1.0; therefore, the residual variance was 0.90. At first, both a low and moderate (h 2 = 0.35) heritability scenario were investigated and no differences were observed. As a result, only the low heritability scenario will be described. The founder population consisted of 50 males and 500 females that were generated by randomly allocating base haplotypes, without replacement, to founder individuals across all chromosomes. After the founder population was initialized, individuals were generated using a forward-intime simulation approach for 15 generations. The population size for the forward-in-time simulation was 50 males and 500 females, with a replacement rate of 0.60 across both sexes. An animal was allowed to remain in the breeding population for a maximum of eight generations. All parents were mated at random, and the number of matings was the same across all sires (i.e., 10 matings per sire) and each mating resulted in six offspring that were available as selection candidates for the next generation. To build up the pedigree, four generations of random selection and culling were utilized. For the remaining generations, animals were selected and culled based on their EBV. Within a generation, a maximum of two selection candidates could be selected within each full-sib family.
Two phenotyping and genotyping strategies were investigated to determine the impact of data truncation with different amounts of information available on the selection candidates when EBV were estimated. In the scenario with minimal information on the selection candidates (Scenario 1), it was assumed that an animal obtained its own phenotypic information on a trait after the selection step and only progeny selected as parents in the next generation were genotyped (i.e., no genotype information on selection candidates). Due to selection candidates lacking phenotypic and genotypic information, all full-sib selection candidate EBV were based on the average EBV of their parents. Therefore, selection candidates within a full-sib family were randomly selected. In the scenario with more information on the selection candidates (Scenario 2), it was assumed that selection candidates had phenotype and genotype information at the time of selection and all parents had genotypic information. Under this scenario, full-sib selection candidate EBV are not all equal, as was the case in Scenario 1.
The EBV were estimated based on an animal model as outlined below:
where y is a vector of phenotypic observations, b is a vector of fixed effects, u is a vector of random additive genetic effects, e is a vector of random residuals, and X and Z are incidence matrices relating observations to the fixed and random additive genetic effects, respectively. The only fixed effect was the intercept. The additive genetic and environmental variance was assumed to be 0.10 and 0.90, respectively, and remained constant across generation. Breeding values were estimated using the preconditioned conjugate gradient algorithm (Lidauer, Strand en, M€ antysaari, P€ os€ o, & Kettunen, 1999) . In both scenarios, the potential for an animal to be genotyped started at generation 8 and continued for all remaining generations. Across both scenarios, all parents in the breeding population at generation 8 that were selected to serve as parents in a previous generation and have not been culled were genotyped. As a result, EBV from generations 5-8 were estimated based on a traditional pedigree relationship matrix (A; u~N (0, r 2 u A)). Pedigree-based inbreeding values were estimated based on the method outlined in Meuwissen and Luo (1992) and utilized when generating the inverse of A based on Henderson (1976) . Starting at generation 9, breeding values were estimated based on ssGBLUP, which blends pedigree and genomic information, referred to as H (u~N (0, r 2 u H)) (Aguilar et al., 2010; Christensen & Lund, 2010 ). An initial G matrix (G raw ) was constructed as
where M is a genotype incidence matrix that has been centred based on allele frequencies (VanRaden, 2008) , and p is the allele frequency of the second allele at the jth SNP. The allele frequencies were estimated from all genotyped animals that were utilized when estimating breeding values. Therefore, as generations accrue, the allele frequencies used to create G raw change as new animals get genotyped and/or older genotyped animals get truncated. As outlined in Vitezica, Aguilar, Misztal, and Legarra (2011) , A 22 and G raw need to be compatible. The A 22 matrix refers to the pedigree-based relationship for genotyped animals and was constructed as outlined in Colleau (2002) . Therefore, G raw was adjusted to make the mean diagonal and mean of all elements equal the mean diagonals and mean of all elements of A 22 as outlined in Christensen, Madsen, Nielsen, Ostersen, and Su (2012) . Last of all, prior to blending G with pedigree information, a weighted G as proposed by VanRaden (2008) was constructed as G = 0.95G raw + 0.05A 22 and the associated matrix was utilized when constructing H.
To understand the impact of removing data from older individuals, phenotypic, pedigree and genomic data were progressively removed when predicting the genetic merit of the current generation of selection candidates. The data truncation points were 1, 2, 3, 4, 5 and 10 ancestral generations back from the selection candidates. Within each generation, data from relatives that remained after truncation and their associated offspring were used to generate EBV within each of the truncation point scenarios listed above. The impact of a given truncation point was compared to utilizing all available data when predicting the genetic merit of selection candidates. Thirty replicates were generated within each data truncation point. The genetic trend across truncation points was determined along with the correlation between the true breeding value (TBV) and EBV on the selection candidates within each generation. Last of all, the bias of EBV across different truncation points within each generation for the selection candidates was quantified by the coefficient of regression of TBV on EBV. The ideal coefficient of regression is a value of 1.0, which implies the EBV are unbiased. For each metric, the 95% confidence interval was calculated across all replicates based on a randomized complete block design with replicates (i.e., block) and truncation methods considered fixed.
| Empirical data

| Animals and genotypes
The empirical data sets were utilized to verify results from simulation based on the predictive ability of selection candidate EBV for animals born recently when data from older animals were progressively removed. Data from a maternal (Yorkshire) and terminal (Duroc) purebred nucleus selection line were obtained from DNA Genetics (Columbus, NE). Within each population, the following traits were investigated: ultrasonic backfat (BF), ultrasonic loin eye depth (LED) and average daily gain in the nursery (ADGn). For Yorkshire, the data consisted of phenotyped animals (ADGn: n = 117,875; BF and LED: n = 95,769) born from 2005 to 2017, along with 5,783 genotyped animals. Of the genotyped animals, 31.4% were males and 68.6% were females. For Duroc, the data consisted of phenotyped animals (ADGn: 152,302; BF and LED: 135,327) born from 2003 to 2017 along with 12,180 animals with genotypes. Of the genotyped animals, 39.2% were males and 60.8% were females. In both populations, genotyped animals were born from 2011 to 2017. The number of animals with phenotypic and genomic information by year of birth is outlined in Figure 1 . In both populations, genotypes were derived from a Affymetrix SNP array (Affymetrix, Inc., Santa Barbara, CA) that is comprised of 55,774 SNP spread uniformly across the genome. Prior to the imputation of missing genotypes, multiple quality control edits were conducted including removing SNP with missing map information and those on the sex chromosome, the removal of individuals and SNPs with call rates lower than 0.90, SNP with a MAF lower than 0.002 and a p-value of a chi-squared test for Hardy-Weinberg equilibrium lower than 0.0001. Imputation of missing genotypes was conducted using FImpute (Sargolzaei, Chesnais, & Schenkel, 2014) . After quality control and imputation of missing genotypes, a total of 41,279 and 34,796 SNP remained for Yorkshire and Duroc, respectively.
| Model and truncation description
Within each trait, a single-trait ssGBLUP animal model was utilized within the blupf90 suite of programs (Misztal et al., 2002) . Similar to the analysis of simulated data, H was constructed utilizing a weighted G (i.e., G = 0.95G raw + 0.05A 22 ) and adjusted to make G raw and A 22 compatible. The model for ADGn, BF and LED was:
where y is a vector of phenotypic observations, b is a vector of fixed effects, l is a vector of random common litter environmental effects, p is a vector of random pen effects, u is a vector of random additive genetic effects, e is a vector of random residuals, and X, L, P and Z are incidence matrices relating observations to the fixed, random common litter environmental, random pen and random additive genetic effects, respectively. The fixed effects for ADGn included the intercept, sex, barn, contemporary group (i.e., year-barn-month of birth) and age on test deviated from the mean (77 days) as a covariate. The fixed effects for BF and LED included the intercept, sex, contemporary group (i.e., year-barn-group) and off-test weight as a covariate. Across all traits and populations, the pedigree was truncated to three ancestral generations back from animals with phenotypic information. Variance components within each population and trait were estimated utilizing all available information and were fixed across different data truncation points.
The impact of removing older data was determined by masking the phenotype when predicting the EBV for animals born recently and served as the validation population. The validation population was comprised of genotyped and nongenotyped animals. Across both populations, animals born after December 2016 served as the validation population. The validation population for BF and LED consisted of 5,681 (genotyped = 776; nongenotyped = 4,905) and 9,382 (genotyped = 1,371; nongenotyped = 8,011) animals for Yorkshire and Duroc, respectively. The validation population for ADGn consisted of 12,122 (genotyped = 776; nongenotyped = 11,346) and 17,932 (genotyped = 1,372; nongenotyped = 16,559) animals for Yorkshire and Duroc, respectively. The phenotypes and genotypes (when available) were iteratively removed 1 year at a time starting with the oldest year and ending with 2015. Therefore, data were truncated based on the year an animal was born, not by the ancestral generation number, which was done in the simulation. Truncation based on year was chosen due to the varying amounts of phenotypic and genotypic information across the traits investigated. As the TBV is not known in the empirical data, the correlation between the EBV within a given truncation scenario and the corrected phenotype (Cp) was utilized to determine the loss/gain in the predictive ability when older data were removed. The Cp was estimated by adjusting for all fixed and random effects except for the additive genetic and residual effects. The correlation between EBV and Cp results is presented by combining both genotyped and nongenotyped individuals. The nongenotyped and genotyped individuals were combined because the maximum correlation between Cp and EBV within the nongenotyped and genotyped subgroup is in general similar across the majority of the traits within each breed.
| RESULTS
| Simulated data
The mean TBV of the selection candidates at generation 15 across different truncation points and genotyping scenarios is illustrated in Table 1 . Keeping data only one generation back from the selection candidates resulted in a 10.5% and 6.0% reduction in the TBV at generation 15 compared to utilizing all available data, for Scenario 1 and Scenario 2, respectively. Keeping data two generations back or greater resulted in no statistical difference (p-value > 0.05) in the reduction in TBV at generation 15 compared to utilizing all available data. Across both genotyping scenarios, the numerically largest TBV at generation 15 occurred when data were truncated at 10 generations although the differences between truncations points after two generations back were not statistically different (p-value > 0.05). The reduction in the number of genotyped animals utilized when constructing H across different truncation points across both genotyping strategies is illustrated in Figure 2 . In the same way, the reduction in the number of equations to solve in the ssGBLUP model across different truncations points and genotyping strategies is outlined in Figure 3 . Removing data in the form of phenotypes, genotypes and pedigree information resulted in a large reduction in the total number of equations to solve and reduced the computational burden when constructing H, without negatively impacting the genetic trend. For example, when truncating data at two generations back from the selection candidates for Scenario 1, the number of equations to solve at generation 14 was reduced by 72% and only 58% of the genotyped animals were utilized when constructing H. A similar reduction in the number of equations to solve at generation 14 for Scenario 2 was observed (74%), although the computational savings were larger compared to Scenario 1, due to the removal of over 8,000 genotyped animals when constructing H. More important, as illustrated in Figure 2 , across the latter generations, the number of genotyped animals utilized when constructing H began to stabilize across generations as new selection animals continued to be genotyped. Last of all, the correlation between the EBV and TBV along with the degree that EBV were inflated across generations is depicted in Figures 4 and 5 for Scenario 1 and Scenario 2, respectively. Similar to the reduction in genetic gain results, a reduced correlation between EBV and TBV was observed when truncating the data, one generation removed from the selection candidates, across all generations for both genotyping scenarios. The initial generations display a greater degree of change as a result of initiating truncation selection along with a change in prediction method (i.e., going from pedigree-based BLUP to ssGBLUP). Across all truncation point Truncation point refers to utilizing information on relatives and their associated progeny that are 1, 2, 3, 4, 5, 10 ancestral generation generations back from the selection candidates when breeding values were estimated. Under the full truncation scenario, all available information was utilized when EBV were estimated within each generation.
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Scenario 1: Selection candidates did not have phenotype and genotype information when estimated breeding values (EBV) were predicted. Scenario 2: Selection candidates had phenotype and genotype information when EBV were predicted cut-offs and both genotyping scenarios, the degree of bias was similar and in general was negligible, with values close to 1.0. However, as ssGBLUP selection proceeded, the bias coefficient deviated from one to a greater degree as the number of future generations increased, which is partially due to changes in the additive genetic variance as selection proceeds. This deviation was larger for Scenario 2, which had a larger selection response compared to Scenario 1.
| Empirical data
The proportional increase/decrease in the correlation between Cp and the EBV across different truncation points based on the year an animal was born compared to the correlation based on utilizing all available data for Yorkshire and Duroc populations is depicted in Figure 6 . Across both breeds and for all traits, the maximum correlation between Cp and EBV was observed when a proportion of the older data were removed. Across both populations, removing phenotypes from animals born prior to 2011 resulted in no decrease or a slight numerical increase in the correlation between Cp and EBV for selection candidates. Across all traits for Duroc, the largest correlation occurred when animals with phenotypes and genotypes born prior to 2013 were removed. For Duroc, the correlation (SE) for BF, LED and ADGn when utilizing all data was 0.1637 (0.0094), 0.1771 (0.0094) and 0.0750 (0.0072), respectively, compared to a correlation of 0.1650 (0.0094), 0.1786 (0.0094) and 0.0772 (0.0072) when removing all data prior to 2013, respectively. For Yorkshire, the truncation point at which the largest correlation was estimated .0083) and when removing all data prior to 2012, respectively. Last of all, the correlation for BF when utilizing all data was 0.1708 (0.012), compared to 0.1710 (0.012) when removing all data prior to 2011. Averaged across traits, when removing animals with phenotypes born prior to 2011, 34% and 32% of the phenotypic data were not utilized for Duroc and Yorkshire, respectively. The year of birth for the genotyped animals was all relatively recent (i.e., all greater than 2011), and as a result, the impact of removing large cohorts of genotyped animals was not able to be fully investigated with the empirical data. However across both breeds, the numerically largest correlation was observed when a small portion of genotyped animals were removed, which provides preliminary evidence that removing genotype data in the empirical data set does not give rise to loss of information.
| DISCUSSION
The current study has investigated the impact of removing data, in the form of phenotype, genotype and pedigree information, from older animals based on simulated and empirical data. Due to the rapid uptake of genotyping animals across the majority of livestock species, a large amount of research has been conducted on methods to minimize the computational load and alleviate issues that arise when the number of genotyped animals becomes large (Fernando, Cheng, & Garrick, 2016; Fragomeni et al., Mean 95% confidence interval surrounding point estimate was AE0.016 and 0.040 for the correlation between TBV and EBV and bias of EBV, respectively.
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Bias was calculated as the regression of TBV on EBV.
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Truncation point refers to utilizing information on relatives and their associated progeny that are 1, 2, 3, 4, 5, 10 ancestral generation generations back from the selection candidates when breeding values were estimated. Under the full truncation scenario, all available information was utilized when EBV were estimated within each generation.
2015; Misztal et al., 2014) . The concept of truncating data in the form of pedigree information is not new within animal breeding, although the value of utilizing genotypes from older animals is currently not well understood. For example, Lush (1945, p 245-246) outlined that for practical purposes, pedigree relationships from animals four to five generations back from an animal are sufficient and any older ancestors are assumed to be a random sample of the breed. Furthermore, the expected proportion of an individual's genes from an ancestor is halved with each additional generation the ancestor is further back in the pedigree, although genomic information allows for variation from the expected proportion shared from a given ancestor. As a result, the impact of removing genotype information as generations accrue is potentially a viable option to alleviate the computational issues and reduce the computation time when estimating EBV without negatively impacting the selection candidate EBV accuracy.
A simulation was utilized to understand the impacts of removing data under an idealized condition, which includes no pedigree errors or genotyping errors, and the trait definition or breeding objective does not change across time. When keeping data two generations or greater back from the selection candidates, no statistical difference (pvalue > 0.05) in the mean TBV at generation 15 was observed compared to utilizing all available data across both genotyping strategies. When keeping data only one generation back (i.e., parents and associated progeny), the reduction in TBV was highly significant (p-value <0.0001) and reduced the TBV at generation 15 by 10.5% and 6.0% compared to utilizing all available data for Scenario 1 and Scenario 2, respectively. The numerically largest mean TBV at generation 15 across both scenarios occurred when data were truncated and is partly due to A22 and G being more compatible (i.e., larger diagonal and off-diagonal correlations). Averaged across generations, the correlation Mean 95% confidence interval surrounding point estimate was AE0.009 and 0.020 for the correlation between TBV and EBV and bias of EBV, respectively.
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Truncation point refers to utilizing information on relatives and their associated progeny that are 1, 2, 3, 4, 5, 10 ancestral generation generations back from the selection candidates when breeding values were estimated. Under the full truncation scenario, all available information was utilized when EBV were estimated within each generation. 4 Scenario 2 refers to selection candidates having phenotype and genotype when EBV are estimated between the diagonal and off-diagonal values of A22 and G across both genotyping scenario is outlined in Supporting information Table S1 . If data truncation is practiced, the number of equations and the number of genotyped animals utilized become stationary at the latter generations of selection, despite continually collecting pedigree, phenotype and genotype information. Therefore, the set of genotyped animals utilized in genetic evaluation is updated with recently born selection candidates, while genotypes from older animals are no longer utilized. Across both genotyping scenarios, when data were truncated at two generations back from the selection candidates, the number of equations was reduced by 73 per cent at generation 14. Furthermore, 43 per cent of the genotypes were not utilized when estimating the breeding values of selection candidates at generation 14. Under Scenario 1, only selection candidates selected to serve as parents were genotyped, and as illustrated in Figure 2 , the total number of animals genotyped in the simulation was small compared to Scenario 2. Therefore, as a larger proportion of the animals born within a generation are genotyped, truncation of data results in even greater computational savings.
The correlation between the EBV and TBV was estimated across generations along with the bias of EBV. As expected based on the large reduction in TBV at generation 15, only keeping animals one generation back from the selection candidates resulted in a large reduction in the correlation between EBV and TBV across both genotyping scenarios. Furthermore, the bias across truncation methods had a 95% confidence interval that contained 1.0 across the majority of generations, although some differences across truncation points did exist for the latter generations for both genotyping strategies. As outlined in Koivula, Strand en, P€ os€ o, Aamand, and M€ antysaari (2015) , different scaling methods for G and A 22 when setting up ssGBLUP will impact the degree that EBV are biased. The optimal scaling parameter or methods to construct the H matrix and its associated inverse is an active area of research (Garcia-Baccino et al., 2017) that will need to be further evaluated when data truncation techniques are utilized within a F I G U R E 6 Ratio of the correlation (r Cp, EBV ) between corrected phenotype (Cp) and estimated breeding value (EBV) in the validation population for a given truncation point over r Cp, EBV when utilizing all animals breeding programme. Furthermore, the increase in bias in the latter generations is also partially due to the additive genetic variance changing as a result of truncation selection (Long et al., 2011) and older data being truncated when breeding values are being estimated.
Similar to the simulation results, across both the Yorkshire and Duroc populations the numerically largest EBV predictive ability occurred when data (phenotypes and genotypes) were truncated across all traits. Across both breeds, the maximum correlation between Cp and EBV occurred when removing 7 and 5 years of phenotypic data for Duroc and Yorkshire, respectively. For Duroc, the correlations ranged from 0.0750 to 0.1771 when utilizing all data and on average increased by 0.0017 when removing data prior to 2013 when the largest correlations were estimated. For Yorkshire, the correlations ranged from 0.0743 to 0.1985 when utilizing all data and on average increased by 0.001 when removing data prior to 2011 (BF) or 2012 (ADGn & LED) when the largest correlations were estimated for these traits. Similar results were found by Lourenco et al. (2014) , when phenotypic and pedigree data were progressively removed without any reduction in the accuracy of prediction EBV in a validation population, although the impact of removing genotypes was not evaluated. The impact of removing historical genotypes on the prediction accuracy of recently born selection candidates across multiple traits in chickens was investigated by Weng et al. (2016) , and it was found that the optimal number of generations in the training varied from four or more for high heritability traits but less than that for low heritability traits. A slight numerical increase in the EBV predictive ability when information is removed is potentially due to a number of factors, which may include a change in trait definition across time or parentage errors in the pedigree. Nevertheless, when removing animals with phenotypes born prior to 2011, averaged across traits, 34% and 32% of the phenotypic data were not utilized for Duroc and Yorkshire, respectively. Across both populations, the majority of animals with genotypes occurred within the past 3 years (i.e., 2014-2017), and as a result, the impact of removing large cohorts of genotyped animals was not able to be investigated. However, a small portion of the genotyped animals (6.5%) for Duroc were removed when the maximum correlation between Cp and EBV was observed. For Yorkshire, no genotypes were removed when the maximum correlation between Cp and EBV was observed, although 1.4% of the genotypes were removed when the maximum correlation between Cp and EBV was observed for ADGn and LED.
The empirical data utilized three traits that accrue a large amount of information across generations because they are recorded on a routine basis, can be recorded on both sexes and on live animals. Other traits such as sparsely recorded (e.g., individual feed intake), sex-limited reproductive traits, traits with a substantial maternal additive component or traits that occur later in life may result in different truncation points, and therefore, the truncation point is likely to be trait-specific. Furthermore, genetic evaluations are traditionally estimated based on multiple trait models, although single-trait models were utilized in the current analysis. The benefits of truncating data are expected to result in even greater computational savings although this needs to be researched further.
| CONCLUSION
The current study has investigated the impact of removing older data, in the form of phenotypes, genotypes and pedigree information, on the prediction of EBV of selection candidates utilizing simulated and empirical data. Across both simulated and two swine industry data sets, removing data resulted in no change or a slight increase in the accuracy of predicting selection candidate EBV. Furthermore, the number of equations to solve and number of genotypes utilized when estimating breeding values can be greatly reduced. Truncating phenotypes, genotypes and pedigree information is a method to alleviate computational issues when the number of genotyped animals becomes large, without negatively impacting the prediction of selection candidate EBV.
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